We propose a novel framework to analyse the macroeconomic impact of noncommunicable diseases. We incorporate measures of disease prevalence into a human capital augmented production function, which enables us to determine the economic costs of chronic health conditions in terms of foregone gross domestic product (GDP). Unlike previously adopted frameworks, this approach allows us to account for i) variations in human capital for workers in different age groups, ii) mortality and morbidity effects of non-communicable diseases, and iii) the treatment costs of diseases. We apply our methodology to China, Japan, and South Korea, and estimate the economic burden of chronic conditions in five domains (cardiovascular diseases, cancer, respiratory diseases, diabetes, and mental health conditions). Overall, total losses associated with these non-communicable diseases over the period 2010-2030 are$16 trillion for China (measured in real USD with the base year 2010), $5.7 trillion for Japan, and$1.5 trillion for South Korea. Our results also highlight the limits of cost-effectiveness analysis by identifying some intervention strategies to reduce disease prevalence in China that are cost beneficial and therefore a rational use of resources, though they are not cost-effective as judged by conventional thresholds.
Introduction
Globally, non-communicable diseases (NCDs) result in 65% of all deaths (Lozano et al., 2011) and 54% of all healthy life years lost as measured by DALYs (disability-adjusted life years) (Murray et al., 2013) . Apart from the enormous burden of pain and suffering that these conditions impose, the global economic burden of non-communicable diseases has been estimated to be in the region of $47 trillion during 2010 through 2030 (measured in real USD with the base year being 2010, or 75% of global GDP in 2010; see Bloom et al., 2012) . Moreover, the prevalence of chronic conditions, specifically non-communicable diseases such as cardiovascular diseases, cancer, respiratory diseases, diabetes, and mental health conditions, is likely to rise substantially over the coming decades (Kearney et al., 2005) .
This phenomenon is likely to affect not only developed countries but also low-and middleincome countries as a result of changes in modifiable risk factors (such as smoking, dietary, and exercise patterns) and non-modifiable risk factors (such as population ageing). One important factor that drives chronic disease prevalence worldwide is changing lifestyle patterns shifting daily living toward more sedentary occupations and less healthy diets.
Urbanization has many economic benefits in terms of returns to agglomeration, specialization, and efficiency, but it can also negatively affect population health through mechanisms such as diffusion of risky behaviour and exposure to pollution. For example, an important difference in risk factor trajectories between low-and middle-income countries and highincome countries is the divergence in smoking patterns. While cigarette and tobacco consumption has been falling in many high-income countries, smoking has been rising in India and China. Given that tobacco consumption is the most important risk factor for many non-communicable diseases, this is likely to raise the prevalence of non-communicable diseases in those countries. Another difference between developed and developing countries is that the former have been quite successful at minimising the risk of death associated with communicable diseases, whereas communicable diseases remain a major contributor to mortality in low-income countries. This implies that low-income countries often face a double burden of disease.
In developed countries, population ageing is an inexorable consequence of fertility and mortality patterns. Many high-income countries already face rapid demographic change, and because chronic conditions tend to increase with age, the proportion of their populations affected by non-communicable diseases will rise. Likewise, many emerging economies are either already experiencing population ageing or will do so in the near future. Particularly interesting cases for studying the effects of ageing-related increases in non-communicable disease prevalence are Japan, because it has the largest share of older people globally, and China and South Korea because they are experiencing very rapid population ageing. The 2 main goals of this paper are to estimate and project the economic burden of chronic conditions for these three countries until 2030 and to compare the challenges these countries face in terms of non-communicable disease impact.
Through several pathways, disease burden is expected to affect economic outcomes in general and economic growth in particular. First, chronic conditions reduce the supply of labour through mortality, early retirement (Dwyer and Mitchell, 1999; Lindeboom and Kerkhofs, 2009; Jones et al., 2010) , and reduced productivity (López-Casasnovas et al., 2005; Jäckle and Himmler, 2010) . In addition, individuals may alter their employment behaviour because they anticipate or fear the future onset of illness and negative effects of health conditions (McGarry, 2004) . 1 Second, current interventions related to NCDs (including medical treatment and prevention) require a substantial amount of resources, part of which could otherwise be used for other productive activities. Therefore, NCDs reduce the net availability of government funds and impede the accumulation of physical and human capital by, for example, diverting investment from important areas such as education and infrastructure. Additionally, reduced productivity together with lower labour supply leads to a decline in aggregate income and therefore further reduce savings and investment. Our model addresses these pathways and is summarized in Figure 1 .
Overall, the global burden associated with non-communicable diseases can be expected to grow in magnitude. While a substantial literature describes the micro-level effects of health conditions such as cancer on economic and overall well-being, less evidence exists on how chronic conditions interact to affect aggregate outcomes in the population as a whole. The aggregate view is typically absent from studies of the individual-level effects of non-communicable diseases because capturing spillover effects and externalities is difficult where the health status of one person affects the well-being of another individual or group of individuals.
The economic impact of health conditions in general, and non-communicable diseases in particular, is of special importance and interest to policymakers. Faced with increases in the prevalence of chronic conditions, governments and other stakeholders may wish to enact policies that are effective at reducing disease incidence and its consequences.
Several possible interventions can reduce the prevalence of non-communicable diseases.
For example, a series of "best-buy" investments has been proposed because they are costeffective and easy to implement within the constraints of low-and middle-income countries.
These policies include increasing taxes on alcohol and tobacco use, reducing salt intake in food, and replacing trans fats with polyunsaturated fats (Bloom et al., 2011) .
However, establishing whether particular programs are worthy of investment can be diffi-Figure 1: Summary of Pathways from NCDs to Economic Growth cult without a thorough assessment of the economic benefits of these interventions and a summary of the potential returns on investment for different policy options. This is particularly the case for many candidate policies, not just in the health domain, but also in relation to other sectors such as targeting improvements in infrastructure and education, or when other health conditions such as communicable diseases remain highly prevalent.
In addition, policymakers and the public may be unaware of the impact of these conditions, particularly on labour markets and on capital accumulation. A thorough assessment of the economic impact of non-communicable diseases will therefore provide evidence on which types of policies are viable and establish whether investments in health in general, and chronic conditions in particular, are likely to provide returns on investment sufficient to justify their implementation. In sum, accurate estimates of the economic burden of non-communicable diseases are important for providing a cost-benefit analysis of alternative interventions and for ranking alternative policy strategies in terms of their return on investment.
Approaches to estimating the economic effects of health conditions include the cost of illness method, where the direct costs associated with a disease are calculated; the value of a statistical life (VSL) approach, where costs are inferred from willingness to pay studies or observed avoidance behaviour for risky occupations or scenarios; econometric estimates taken from cross-country growth regressions; and macroeconomic models (such as a production function-based approach or a general-equilibrium framework), where output trajectories for different scenarios are simulated. Each approach has advantages and disadvantages. In our paper, we aim to account for the aggregate effects on output when estimating the full economic impact of non-communicable diseases. Therefore, we adopt a macroeconomic approach that incorporates disease prevalence into a human capital augmented production function. In this way, we can model the effects of chronic conditions on aggregate effective labour supply and on capital accumulation in a flexible framework that can be used to characterize an extensive set of pathways through which health affects the economy. 2
Our main contribution is to modify and extend the model that Abegunde and Stanciole (2006) first used to examine the impact of non-communicable diseases on economic growth. The original formulation of the basic approach, which was named the EPIC (or Projecting the Economic Cost of Ill Health) tool, relied on the Solow (1956) framework and was designed by the World Health Organization (WHO). 3 Altogether, we propose a novel framework that builds upon the WHO EPIC tool, but additionally considers i) heterogeneous human capital levels of workers in different age groups, ii) that NCDs and health conditions not only lead to mortality but also to morbidity, and iii) the effect of treatment costs on capital accumulation.
While our analysis focuses on NCDs, the framework we develop here is quite general and could easily apply to other health domains, such as communicable diseases, road traffic accidents, and tobacco control. We focus on chronic conditions for several reasons. First, the data requirements to implement the model for the four NCDs that are the focus of the United Nations (cardiovascular diseases, cancer, chronic respiratory diseases, and diabetes) and mental health conditions are already quite substantial, and extending the model in this paper to include other health conditions would result in a very lengthy exposition. Second, the countries we consider (China, Japan, and South Korea) are either middle-or highincome countries that have made great strides in dealing with communicable diseases. However, NCDs have been relatively neglected from a public health point of view in these countries, and unlike communicable diseases, the prevalence of chronic conditions is expected to rise substantially over the coming decades. Finally, we are interested in assessing the economic impact of population ageing via changes in the health status of the population, and because age is an important non-modifiable risk factor for NCDs, we believe that focusing on these conditions is desirable. Nevertheless, we hope to extend the model to other aspects of health in future research.
The paper is organized as follows. Section 2 compares the four most popular methods used to assess the economic burden of different diseases and discusses their advantages and disadvantages. Section 3 proposes a novel framework that builds upon the WHO EPIC tool but additionally considers heterogeneous human capital levels of workers in different age groups, the morbidity effect of NCDs, and the effect of treatment costs on capital accumulation. Section 4 implements the model for China, Japan, and South Korea and presents the results for these three countries. Section 5 summarizes and draws conclusions.
2 Comparison of methods to assess the economic burden of diseases This section describes the main approaches used to quantify the economic impact of health conditions, focusing on the advantages and disadvantages of each framework. We start with the cost of illness (COI) approach, which is a simple and easy-to-understand method that summarizes the burden of a certain disease over a particular time period in a single number. This number is defined as the sum of all personal medical care costs (e.g., inpatient and outpatient hospital costs); personal non-medical care costs (e.g., transportation and relocation expenses); non-personal costs (e.g., for research activities); and loss of income due to absenteeism, early retirement, or premature death. Altogether, the medical costs, the non-medical costs, and the research costs are referred to as direct costs, while the loss of income is referred to as an indirect cost. 4 The advantage of this method is that the outcome is easily interpreted as the monetary value of the resources that could be saved by avoiding a particular disease. The main drawbacks are that no economic adjustment mechanisms are considered (e.g., the substitution of labour lost due to an illness by capital or other workers) and that COI studies disregard the effect of diseases on physical capital and human capital accumulation (for a general debate on the usefulness of the COI approach see Currie et al., 2000; Rice, 2000; World Health Organization, 2009 ).
An alternative way to estimate the costs of health conditions is to reconstruct a person's implicit valuation of his/her own life, the value of a statistical life, by estimating a person's willingness to accept premia for risky occupations via wage regressions, or by estimating a person's willingness to pay for the reduction of risks via hedonic price regressions (Viscusi and Aldy, 2003) . The monetary value that a person assigns to his/her own life can be inferred from the parameter estimates in these regressions. The main advantage of this 4 Most studies of the costs of NCDs rely on this approach (as an example, see Beaulieu et al., 2009 ). 6 approach is that it also delivers a single number that, if multiplied by the number of cases, can be interpreted as the total statistical value of the loss due to an illness. While the COI approach focuses more on the objective costs of an illness, the VSL approach also implicitly covers the costs of pain and suffering via the revealed preferences of the consumers/workers who are studied. Prominent studies by Murphy and Topel (2006) and Lakdawalla et al. (2010) apply the VSL methodology to calculate the value of advances against cardiac disease and cancer. The main drawback is that the VSL approach yields an estimate of the statistical loss due to an illness that strongly depends on the age and the income level of workers. Consequently, the estimates vary widely among different countries. Furthermore, economic adjustment mechanisms are again not taken into consideration. 5
Another method to assess the economic costs of an illness is to estimate a cross-country growth regression in the vein of Barro (1991) and Islam (1995) , in which the main regressors of interest contain the prevalence of the illness under consideration. From the parameter estimate associated with the prevalence of an illness, its impact on growth can be inferred directly (see Suhrcke and Urban, 2010 , for estimates of the negative growth effect of cardiovascular diseases). The advantage of this approach is that, when the regression is appropriately specified, the estimated growth effect is readily apparent from the final result, which already incorporates economic adjustment mechanisms. Consequently, this method overcomes one of the crucial shortcomings of the COI and VSL approaches.
However, growth regressions are very data intensive, requiring a wide range of precisely measured control variables for all countries in the sample (see Durlauf et al., 2005; Eberhardt and Teal, 2011; Sala-i Martin et al., 2004; Sala-i Martin, 1997 , for discussions).
Furthermore, the result is an average of the growth effect over all countries included in the regression, which does not account for specific country characteristics and potential heterogeneity in the impact of chronic conditions across countries. Additionally, this approach only allows for an assessment of severe diseases that affect many people (such as cardiovascular diseases). Detecting a significant growth effect for less severe diseases that do not affect many people is difficult given the small sample sizes that typically confront growth regressions (cf. Durlauf et al., 2005) . Finally, attempts to deal with reverse causality and omitted variable bias are contentious in the literature (Weil, 2014) . Abegunde and Stanciole (2006) and the WHO first proposed the EPIC framework, which simulates a Solow (1956) growth model that considers the adverse effects of diseases on physical capital accumulation and on labour supply. Bloom et al. (2012 Bloom et al. ( , 2014a Bloom et al. ( ,b, 2015 have applied this framework to several developed and less developed countries. While the EPIC approach accounts for the fact that physical capital or other workers can replace lost labour and therefore allows for economic adjustment mechanisms, it only considers mortality and not morbidity. Furthermore, it does not accurately account for the cost of treatments and for the fact that different age groups of workers have, in general, different productivity levels because of their different schooling intensity and experience patterns. This is, however, important because of the relative concentration of chronic conditions among older age groups.
Our contribution focuses on these three shortcomings of the EPIC model and proposes a novel framework that builds upon the Lucas (1988) production function. In so doing, we explicitly allow different age groups of workers to have different education levels and different levels of experience, and we address the lack of a morbidity mechanism by incorporating information on disease morbidity, as measured by DALYs reported by the Institute for Health Metrics and Evaluation (2013) . Furthermore, we account for the treatment costs of diseases.
The production function-based framework we use also has some limitations. First, it is not a general equilibrium model in the sense that all decisions are microfounded. For example, individuals who live longer because the prevalence of a disease is reduced might invest more in education or they might save more. While implementing a general equilibrium structure would be highly complex and would require other restrictive assumptions to be tractable, disregarding the mentioned general equilibrium repercussions implies that our estimates of the economic burden of NCDs are conservative. Another issue with the production function-based framework is that we consider the impact of health on growth, but do not model a channel linking growth to health. 6 Incorporating a channel reflecting an effect of economic growth on health would be arbitrary in the absence of good evidence on the causal pathways of interest and would introduce additional complexity into the model. Nevertheless, abstracting from a feedback effect of economic growth on health clearly implies that the economic burden of NCDs that we calculate is likely to be a lower bound for the true costs.
The model
We aim to quantify the economic burden of a particular disease, which requires us to compare economic performance between two scenarios: a status quo scenario, in which GDP is projected to grow based on current estimates and projections of disease prevalence, and a counterfactual scenario, in which the disease prevalence is eliminated from the beginning of the time period. We define the overall economic impact of the relevant disease as the cumulative difference between status quo GDP and counterfactual GDP in each year (summed over the time period of interest). This framework is very flexible and allows us to examine alternative scenarios in which GDP is calculated for a designated percentage reduction in the prevalence of a specific disease. This allows us to analyse the impact of a particular policy intervention, with the cost of the intervention factored into a corresponding decrease in capital accumulation. 
where N (a) t denotes the number of individuals belonging to age group a. Note that aggregate human capital is greater if more individuals of working age live in the economy (i.e.,
is larger), if those individuals are endowed with more human capital because they are either better educated or have more experience (i.e., h (a) t is higher for at least one a), and if individuals in the economy supply more labour (i.e., (a) t is higher for at least one a).
Aggregate output Y t is used for three purposes: to pay treatment costs T C j,t 7 for disease j ∈ I, where I is the set of diseases; to consume the quantity C t ; and to save. As a consequence, physical capital (K) accumulates according to
where δ is the rate of depreciation and s t refers to the savings rate. From Equation (2) it follows that the savings rate is defined as
Building upon Lucas (1988) , aggregate output is given by the production function
where A t is the technological level of the economy that evolves exogenously and α is the elasticity of final output with respect to physical capital. The aggregate production function takes into account that output is not only produced with physical capital and raw labour as in the Solow (1956) framework on which the original EPIC model relies, but with effective labour of which human capital is a central determinant.
We follow Mincer (1974) and construct average human capital of the cohort aged a according to an exponential function of education and work experience:
where η 1 is the semi-elasticity of human capital with respect to years of primary education as given by ys (a) t,prim , η 2 is the semi-elasticity of human capital with respect to years of secondary education as given by ys (a) t,sec , η 3 is the semi-elasticity of human capital with respect to years of tertiary education as given by ys (a) t,tert , and η 4 and η 5 are the semielasticities of human capital with respect to the experience of the workforce (a−15) and the experience of the workforce squared (a − 15) 2 , respectively. The values for the parameters η 1 , η 2 , and η 3 are taken from the studies by Hall and Jones (1999) and Psacharopoulos (1994) , while the values for η 4 and η 5 are taken from Heckman et al. (2006) . 8
Non-communicable diseases exert influence on the economy via three pathways: i) via physical capital accumulation in the sense that savings finance part of the treatment costs, reducing physical capital accumulation; ii) via effective labour supply in two ways: first, disease-induced mortality reduces the population and hence the number of workers, and second, the associated morbidity reduces individual productivity and increases absenteeism; and via the average human capital level because NCDs disproportionately affect more experienced age groups.
Impact on physical capital accumulation
In the counterfactual scenario, we assume that a certain disease i ∈ I is eliminated, so the treatment costs for disease i in Equation (2) are set to zero. Moreover, we define IC i,t to be the cost for the intervention that helps eliminate this disease, whereas T C i,t refers to the treatment costs that would have been incurred without the elimination of the disease.
The accumulation of physical capital can then be written as
where an overbar indicates that the corresponding variable refers to the counterfactual scenario. Because the disease is assumed to be eliminated with a cost IC i,t , the resources that were devoted to its treatment can now be used for savings or for consumption. Notice that this creates an income effect that, in reality, could affect the division of households' income between savings, and consumption. For tractability, we assume that, in the counterfactual scenario, aggregate investment consists of two parts: a fixed share s t of total output and an additional part from (T C i,t − IC i,t ) that would otherwise have been used to pay for the treatment of disease i (after netting out the intervention cost):
In this expression, χ is the fraction of the treatment cost that is diverted to savings and we have the counterfactual savings ratē
As a result, the savings rate could increase if the treatment cost outweighed the intervention cost.
Impact on labour supply
The evolution of labour supply in the status quo scenario is given by
where σ (a) t is the overall mortality rate of age group a. Denote the mortality rate of people in age group a due to the disease i by σ −i,t be the overall mortality rate due to causes other than disease i. Then we simply have i,t ). In the counterfactual case, where the disease is eliminated from time t = 0 onward, the evolution of labour supply is defined similarly to Equation (7), but with a different overall mortality rate (σ (a) −i,t instead of σ (a) t ). For simplicity, we assume that the number of births is the same in both cases at each point in time t. In general, this is a good approximation because most NCDs affect older adults who contribute little to overall fertility.
In the counterfactual scenario, the size of the cohort aged a at time t (N (a) t ) evolves according toN
More specifically, if a > t, then this cohort was born before the elimination of disease i such thatN
If a ≤ t, then this cohort was born after the elimination of disease i such that
Hence, we haveN
In sum, we arrive at the following equation:
which accounts for the fact that the loss of labour due to mortality accumulates over the years.
The morbidity effect of the disease does not change the population size, but can affect the labour participation rate because people with an illness typically reduce their labour supply either by reducing working hours or by leaving the work force. Unlike the mortality effect, tracing the accumulation of morbidity effects over time is complicated because people affected by morbidity can be cured and hence increase their labour supply again in later time periods. To capture this fact, we assume that, in each year, an ill person has a probability (1 − p i ) of recovering from the disease. We assume that this probability stays constant over time and that it is independent of the number of years the person lived with the disease. The value of p i can then be easily inferred as the average duration of the disease through
Because the impact of morbidity is hard to estimate directly, we first define ξ (a) i = loss of labour due to morbidity in age group a loss of labour due to mortality in age group a .
Next, we assume that the following holds in any given year for age group a:
where Y LD Unlike labour supply, which can be derived recursively according to Equation (7), the evolution of the labour participation rate is more complicated. People of different ages have different labour participation rates, so a recursive framework cannot be adopted. For tractability, we assume that the labour participation rate for people who are not affected by disease i is exogenously given. Specifically, we defineˆ t (a) to be the labour participation rate of people without the disease. Because the morbidity effect drives workers out of the labour force, the status quo labour participation rate is expected to be smaller thanˆ t (a) .
Notice that the difference comes from two sources: newly affected people who leave the labour force and people who left the labour force due to disease i years ago and have not yet recovered. To fix the distortion caused by discretisation, we assume that i) at the beginning of year t, the labour force (a) t is calculated, and ii) at the end of each year, 13 morbidity effects are factored into the population. Now we restrict our attention to the cohort aged a at time t. Notice that (a) t is determined by i) the labour participation rate of "healthy" people (ˆ t (a) ) and ii) the fraction of "healthy" people at the beginning of year t (F (a) ). Here, "healthy" means that the person has not left the workforce due to morbidity, while the labour participation rate of the "unhealthy" simply equals zero.
Proposition 1. For the cohort aged a at time t, the fraction of "healthy" people at the beginning of year t can be approximated by
Proof. The case for a = 1 is trivial. We therefore prove the proposition by induction.
Suppose that
Then consider age n + 1, where, with probability p, those who are sick at the beginning of age n, (1 − F (n) ), will still be sick, whereas the others return to the labour force. Then, the disease will again claim a fraction m (n) i of the total "healthy" population each year.
Given that m (n) i for n = 1, . . . is small, we have
In this case, we assume that morbidity only affects the proportion of people in the labour force and that it is completely independent of the mortality process.
Now we can write the approximate relationship between
Although the closed-form solution can be obtained using induction, we prefer to use this approximation for two reasons: first, the complexity is greatly reduced without sacrificing much in the way of accuracy, and second, this approximation provides a very intuitive interpretation and is directly comparable to Equation (8).
14 The next step is to generate the labour participation rate of the counterfactual case (¯ (a) t ) from that of the status quo case ( (a) t ). Notice that here¯ (a) t is different fromˆ (a) t . The former represents the labour participation rate of the counterfactual case in which the disease is eliminated from t = 0 onward; the latter is the labour participation rate of "healthy" people. If a ≤ t, the cohort was born after the elimination of disease i and hence we have¯ (a) t =ˆ (a) t (everyone is "healthy" in this cohort). If a > t, then the cohort was born before the elimination of the disease. In this case, some members of the cohort may have contracted the disease before t = 0 and not recovered yet. Knowing this, we have the following:¯ (a)
Combining (12), (13), and (14), we get
From Equation (15), we see that a larger p i leads to a lower participation rate, i.e., the morbidity effect is more likely to accumulate over the years if the disease is hard to cure.
The intuition behind Equation (15) is the following: the different exposure to the disease drives the difference between the labour participation rate of the status quo ( Overall, the loss of labour supply in age group a at time t can be calculated as
The approximation in Equation (16) results from the observation that σ (17) into (1), the loss of human capital due to disease i at time t can be written in percentage terms as
( 18) Equation (18) Now, instead of completely eliminating the disease, suppose that the intervention only reduces the disease prevalence by a certain percentage, say ρ. The previous discussion still holds true, and we can obtain the loss of labour by replacing (σ i,t , m i,t ) with (ρσ i,t , ρm i,t ) in (16). Denoting the loss of labour for age group a at time t in case of a reduction in the disease prevalence by ρ as ∆L
where M (a) i,t is defined in (17), and the approximation is valid when σ i,t and m i,t are small. Equation (19) shows that the cumulative loss of labour is approximately linear with respect to disease prevalence averted (ρ) given that the mortality and morbidity of the disease are small.
Our approach has the following advantages over the standard EPIC tool: first, we can account for morbidity by adjusting the labour participation rate by disease based on the data of the Institute for Health Metrics and Evaluation (2013); second, we can infer the impact of a disease on physical capital accumulation by obtaining χ and T C i,t directly from the data; and third, human capital accumulation is considered by employing a Mincerian specification that allows for distinctions among primary, secondary, and tertiary education and allows for the consideration of experience.
Results
We present direct estimates for five conditions for which the necessary mortality data are available in EPIC (ischemic heart disease, cerebrovascular disease, diabetes, chronic obstructive pulmonary disease (COPD), and breast cancer). The results are then scaled up using Institute for Health Metrics and Evaluation (2013) data on DALYs to reflect the four NCDs that are the focus of the United Nations (cardiovascular diseases, cancer, chronic respiratory diseases, and diabetes), plus mental health conditions. The scaling is implemented by calculating the proportion of DALYs in a particular domain (e.g., cancer) that the relevant disease accounts for in EPIC (breast cancer in this instance).
If breast cancer accounts for 10% of the total DALYs lost to cancer, the scaling factor applied to our results for breast cancer to obtain a result for all cancers is 0.1. Scaling factors are calculated for each country. Similarly, we use WHO data on mental illness DALYs to include estimates of economic losses from mental health conditions. The mental health scaling factor is calculated by obtaining the ratio of DALYs accounted for by the four NCD domains to the DALYs accounted for by mental health conditions. Obtaining comprehensive information on the treatment costs associated with each disease is difficult.
As Table A1 shows, we calculated treatment costs from various sources. For the missing data, we adjusted for cross-country differences using data on health expenditures per capita from the World Bank database and adjusted to account for inflation. In addition, for each country we assumed a fixed annual growth rate of the per capita treatment costs to adjust for rising medical costs. The annual growth rate of the per capita health expenditure from 2005 to 2014 approximates this number, which is 13.4% for China, 4.6% for Japan, and 7.8% for South Korea. The treatment cost estimates in 2010 are listed in Table A2 in the Appendix. The GDP projections for the status quo scenario are taken from the World Bank's Global Economic Prospects (2017). Table 1 describes other data sources, while we show disease-specific estimates (ischemic heart disease, cerebrovascular disease, diabetes, chronic obstructive pulmonary disease, and breast cancer, before scaling) for each % of disease prevalence averted for each country in Figure 2 Table 2 shows diseasespecific burden as well as scaled estimates of the total disease burden (100% of mortality averted for cardiovascular diseases, cancer, chronic respiratory diseases, diabetes, and mental health conditions) for the period 2010-2030. Figures 2-4 display, by disease, the estimated economic cost savings for a given percentage of prevalence averted. For example, the estimate at 10% compares the cumulative difference in GDP in that country between the status quo scenario with disease prevalence as predicted and the counterfactual scenario, where disease prevalence is reduced by 10%.
Results are shown in billions of real USD with a base year of 2010 and are cumulative over the period of interest . These estimates indicate that the most costly condition varies by country, although breast cancer is generally the least costly. For example, in China the most costly condition is cerebrovascular disease, and in Japan and South Korea it is diabetes. Interestingly, COPD is expected to cost China 1.7 trillion USD over the two decades. This is roughly 10.4% of China's total NCD loss, compared with only 3.1% in Japan and 5.1% in South Korea. The high prevalence of COPD in China is related to its air pollution and the large fraction of its population that smokes. Overall, the ranking of the impact of the other non-communicable diseases varies among the three countries.
We observe that the cost estimates increase roughly linearly with disease prevalence averted. This linearity is not surprising because (19) is a good approximation of the loss in labour supply given that the mortality related to each disease is small. Another feature apparent from these figures is that the burden of non-communicable diseases is much lower in South Korea than in the other two countries. The final row of Table 2 shows the estimates of the total impact of non-communicable diseases in the five domains (cardiovascular diseases, cancer, chronic respiratory diseases, diabetes, and mental health conditions), after the estimates for the individual diseases have been scaled. Estimates are again given in real USD with a base year of 2010 for the period 2010-2030. The results indicate that the total economic costs of chronic conditions are 16 trillion USD in China, 5.7 trillion USD in Japan, and 1.5 trillion USD in South Korea. As previous estimates using the production function-based approach have not included the treatment cost mechanism, we investigate the contribution of this pathway to our estimates of the total disease burden. Table A3 in the Appendix shows model estimates in which we exclude treatment costs, and we use these results to establish the contribution of treatment costs to the overall total in Figure 5 . For China, treatment costs account for 64% of the costs of NCDs, while the corresponding figure is 33% for Japan and 37% for South Korea. The relatively higher contribution of treatment costs in China can partly be explained by its large gross savings rate (around 50% according to the World Bank), compared with that of Japan (22%) and that of South Korea (35%). In our model, χ in Equation (6) is approximated by the savings rate. A higher savings rate means that a larger proportion of resources used in treatment could otherwise be used as investment in physical capital. This leads to a larger output loss for countries with a higher savings rate.
Our calculations highlight the importance of incorporating the treatment cost mechanism as an additional pathway into the model for estimating the economic impact of chronic conditions. Differences in the relative contribution of this pathway are likely due to heterogeneity in the prevalence of different conditions and country-specific factors relating to health care systems.
One question that our analysis raises is whether considering the total costs associated with NCDs as measured by reducing their prevalence to zero is reasonable. To get an estimate of the total economic burden of certain conditions, this is indeed what we would 20 like to know. However, when assessing the impact of realistic reductions in prevalence that health policies can achieve, considering a scenario in which a particular disease is eliminated is not reasonable. Chronic conditions may persist even under an ideal health care system, and even technological advances might not be sufficient to reduce prevalence to zero. Therefore, we also consider the costs associated with NCDs in a scenario where we calculate the reduction in mortality for each disease such that the corresponding case fatality rate reaches the minimum among OECD countries. For example, for China we estimate how much COPD mortality would have to be reduced to ensure that China had the same COPD-related case fatality rate (the proportion of reported cases of a specific disease that are fatal within a specified time frame) as the OECD country with the lowest COPD-related case fatality rate. The rationale for this analysis is that such a reduction is a realistic target because another country has already achieved it. More specifically, the lowest case fatality rates for ischemic heart disease, COPD, and cerebrovascular diseases are set to those in Slovenia, Estonia, and Slovakia, respectively. For breast cancer and diabetes the lowest levels are set to those in Cyprus and Iceland. 9 The estimates are shown in Table 3 and, while lower than those presented in Table 2 , indicate that reasonable targets for reductions in the prevalence of chronic conditions are likely to have substantial payoffs in terms of reducing the costs associated with NCDs. Finally, Table 4 provides the estimate of the total disease burden for different measures of Korea. Because Japan has the highest per capita GDP and health expenditure, the cost of each unit of mortality and morbidity is higher for the Japanese. The third measure in Table 4 shows that the NCD burdens of the three countries are actually relatively similar if adjusted for the income level (or GDP per capita) and for the growth potential. The NCD burden is equivalent to an annual tax of 7.17% on the economy in China, whereas the number is 4.46% for Japan and 5.24% for South Korea. While our model can be used to estimate the economic burden of non-communicable diseases and to assess the reduction in the burden from implementing a specific intervention, it is unrealistic to assume a certain percentage of mortality reduction is costless. By com-10 The per capita loss is calculated based on the population size as of 2010.
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paring the total savings and total intervention costs, policymakers would be able to make better-informed decisions on which intervention is the most cost-beneficial. We adopted the intervention cost data for China from a recent study (Wang et al., 2014) and take ischemic heart disease as an example to compare different treatments and their costs for this disease. Table 6 shows the total savings and total intervention cost from 2010-2030 for each intervention in Table 5 . Five of the six interventions are cost-beneficial. Specifically, strategy B has the highest benefit-cost ratio, followed by strategies A1, C1, C2, and A2. Implementing strategy C3 is not cost-beneficial. In Table 7 we compare the incremental cost-effectiveness ratio (ICER) from (Wang et al., 2014) with the benefit-cost ratios that we calculated. The thresholds recommended by WHO-CHOICE were used to assess the degree of cost-effectiveness. An intervention is and C3 are not cost-effective. In our study, by contrast, all strategies except C3 are cost-beneficial. This is because our calculation is different from cost-effectiveness analysis.
We not only take into account the health outcome, but also the economic impact. For example, the saved treatment cost from one intervention can be used to invest in physical capital accumulation. Overall, strategy B has the highest benefit-cost ratio, followed by strategy A1. This means that implementing strategies A1 and B would save much more money for China from 2010-2030 than they cost. While strategy A2 is less cost-beneficial than these two, the monetary value saved from this intervention is still higher than the total intervention cost. Finally, note that our results actually represent a lower bound of the benefits because the utility value that individuals assign to a longer and healthier life is not quantified and because general equilibrium repercussions and a feedback effect from income growth on health are not considered.
Conclusions
We implement a macroeconomic production function-based approach to assess the economic burden of non-communicable diseases. The advantage of this approach over alternatives is that we can account for economic adjustment mechanisms and spillover effects on labour markets and for heterogeneous human capital accumulation associated with increases in disease prevalence. Using a human capital augmented production function as proposed by Lucas (1988) , we incorporate morbidity and mortality effects into the model and account for treatment costs. We apply our approach to calculate the economic impact of non-communicable diseases for China, Japan, and South Korea, three countries facing rapid population ageing. Our results indicate that chronic conditions are likely to be very costly in terms of lost output, with estimates of the total burden over the time period 2010-2030 on the order of 16, 5.7, and 1.5 trillion 2010 USD for China, Japan, and South Korea, respectively. Though the losses differ significantly at both aggregate and per capita levels, the NCD burdens of the three countries are actually quite similar after adjusting for the growth potential and the income level. In this case the figures are 7.17%, 4.46%, and 5.24% of total GDP for China, Japan, and South Korea, respectively, during 2010-2030.
We also applied a cost-benefit analysis to a set of intervention strategies in China and showed that the total savings from all interventions are high and five of six strategies are cost-beneficial. This result implies that a broader range of interventions can be recommended to policymakers from an economic perspective than from a pure cost-effectiveness perspective.
Cross-country heterogeneity exists in the ranking of disease importance, which likely reflects differential exposure to risk factors, smoking patterns, and environmental pollution.
A more detailed analysis of these differences is an important topic for future research.
The main conclusion of the paper is that the economic burden associated with noncommunicable diseases in East Asia, as elsewhere, is substantial. Efforts to tackle the spread of chronic conditions and their associated risk factors now are likely to have substantial pay-offs in the future.
This model is flexible and could also be used to explore the impact of other factors impinging on health such as communicable diseases and road-traffic accidents. In addition, our approach is also relevant for modelling the impact of other health domains, such as communicable diseases. In this paper we have stayed within the production function-based framework, which has the advantages of i) providing a tractable and parsimonious method for analysing the economic burden of chronic conditions and ii) leading to a conservative estimate of the economic burden of diseases. This framework lays the ground for the development of a micro-founded computable general equilibrium model in future research. 
Appendix: Additional results

